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Abstract: In response to the poor detection performance of grapes in orchards caused by
issues such as leaf occlusion and fruit overlap, this study proposes an improved grape
detection method named YOLOv7-MCSF based on the You Only Look Once v7 (YOLOv7)
framework. Firstly, the original backbone network is replaced with MobileOne to achieve a
lightweight improvement of the model, thereby reducing the number of parameters. In
addition, a Channel Attention (CA) module was added to the neck network to reduce
interference from the orchard background and to accelerate the inference speed. Secondly,
the SPPFCSPC pyramid pooling is embedded to enhance the speed of image feature fusion
while maintaining a consistent receptive field. Finally, the Focal-EIoU loss function is
employed to optimize the regression prediction boxes, accelerating their convergence and
improving regression accuracy. The experimental results indicate that, compared to the
original YOLOv7 model, the YOLOv7-MCSF model achieves a 26.9% reduction in weight,
an increase in frame rate of 21.57 f/s, and improvements in precision, recall, and mAP of
2.4%, 1.8%, and 3.5%, respectively. The improved model can efficiently and in real-time
identify grape clusters, providing technical support for the deployment of mobile devices
and embedded grape detection systems in orchard environments.

Keywords: image processing; grape target detection; YOLOv7; lightweight network

1. Introduction
Grapes have high economic and food value and are widely cultivated all over the

world. However, at present, grapes are mainly harvested manually, which is inefficient and
has high labor costs [1]. Data show that the labor cost of manual grape harvesting accounts
for 47.8% of the total expenditure, while the time consumed by manual harvesting accounts
for 30% of the total working time [2,3]. With the continuous development of agricultural
mechanization, the development of grape-picking robots has become an important develop-
ment direction for the grape-growing industry [4]. How to quickly and accurately achieve
the recognition of grape targets in complex environments such as light, shade, and overlap
is the main problem facing the picking robot [5]. In traditional digital image processing,
Xiong et al. [6] employed color models, an improved Chan-Vese model, and morphological
processing methods to detect grape fruits, achieving a recognition rate of 91.67%. However,
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color models are extremely sensitive to lighting conditions. Under different lighting con-
ditions, the color of grape fruits can undergo significant changes, leading to a decline in
recognition performance. Marquez et al. [7] utilized a method combining pixel classification
and morphological operators to separate grape image pixels from the background and color
components, resulting in an accuracy of only 84% on different datasets, which is relatively
low. Miao et al. [8] proposed a two-step measurement strategy that analyzes overlapping
grape contours through edge detection and contour fitting, achieving a recognition rate
of 98.5%. However, contour-fitting algorithms may fail to accurately capture all details
when dealing with complex shapes, especially for highly overlapping or irregularly shaped
grapes, and tend to incur larger errors. Lv et al. [9] achieved recognition of green grapes
in orchards using multi-source image fusion, feature extraction, compressed sensing, and
segmentation techniques, reaching a recognition accuracy of 92.1%. However, the processes
of multi-source image fusion and feature extraction generally require high computational
resources, posing significant challenges to the performance of embedded devices in or-
chard environments. In summary, traditional digital image processing methods are greatly
affected by factors such as lighting and occlusion from branches and leaves in the complex
scenarios of orchards.

With the continuous improvement of computer computing power, deep learning al-
gorithms have become a research focus in the field of object detection due to their strong
robustness and efficiency [10]. Object detection models are mainly divided into two cate-
gories: two-stage object detection models based on candidate regions, with representative
models such as Fast Region-based Convolutional Neural Networks (Fast R-CNN) [11] and
Faster Region-based Convolutional Neural Networks (Faster R-CNN) [12]. Fast R-CNN
first inputs an image and multiple Regions of Interest (RoIs) into a convolutional network,
where each RoI is pooled into a fixed-size feature map. This is then mapped to a feature
vector through fully connected layers and classified and localized using a Softmax layer
and a bounding box regression layer. By introducing RoI pooling layers and sharing con-
volutional feature maps, this method enhances detection accuracy. In Faster R-CNN, the
image is first input into the network, where feature maps are generated through convolu-
tional operations. The convolutional features are then fed into a Region Proposal Network
(RPN) to generate rectangular region proposals. A classifier is used to determine whether
the proposed region matches a specific class; if it matches, the region box undergoes re-
gression processing. This process achieves convolutional shared computation with the
Fast R-CNN network, significantly increasing the model’s accuracy. Li et al. [13] replaced
VGG16 in the network with a multi-level network structure and introduced RoiAlign to
replace RoiPooling, achieving a detection rate of 87.33% for strawberries. Tu et al. [14]
developed an MS-F RCNN model, which builds upon the Faster R-CNN framework by
incorporating additional feature extractors. The model was trained separately for color
and depth detectors, achieving a detection rate of 93.1% for passion fruit. Wan et al. [15]
improved the pooling and convolutional layers of the Faster R-CNN network, designing a
multi-class fruit recognition algorithm with an average detection rate of 91%. Although
two-stage detection models are efficient for detecting multiple object classes, they have the
drawbacks of larger model weights and slower detection speeds.

The other class is a regression-based single-stage target detection model that omits the
candidate region generation step, allowing for direct prediction and output of the category
probability of the target. Its representative models include Single Shot MultiBox Detector
(SSD) [16], You Only Look Once (YOLO) [17], and others. The SSD algorithm employs
VGG-16 as a feature extraction network, replacing the final global pooling layer and fully
connected layers with convolutional layers, and adding multiple convolutional layers for
down-sampling to form a complete network structure. During sampling, SSD utilizes
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prior boxes with multiple scales and aspect ratios to predict the bounding boxes of the
objects. After extracting features through the convolutional neural network, the model
ultimately performs classification and regression of the objects. The YOLO model primarily
consists of three main stages: the input layer, backbone network, and head network.
The input layer preprocesses the image through methods such as adjusting resolution,
cropping the background, correcting distortions, and eliminating noise. The backbone
network accurately identifies and distinguishes input images to catch target features of
different sizes. The head network integrates image feature information using a feature
pyramid structure, enhancing the representational capability of the target area features.
Simultaneously, the model assigns category labels to the detected objects and performs
predictions through confidence calculations. In the orchard detection environment, object
detection models need to be deployed on embedded devices with lower performance and
reduced computational load. In contrast, single-stage object detection models offer faster
detection speeds and fewer model weights, making them more suitable for complex orchard
environments. Agarwal et al. [18] proposed an improved SSD network utilizing a deep
CNN structure based on Darknet-19 for the identification of mango fruits on trees, achieving
an average recognition rate of 92.43%. Guo et al. [19] introduced a YOLOv4+ model that
integrates a non-parametric attention mechanism into the Resblock-body of the backbone
network while employing a focal loss function, resulting in an average recognition rate of
94.25% for grapes. Chen et al. [20] designed a lightweight model called GA-YOLO, utilizing
the SE-CSPGhost backbone network and incorporating an adaptive spatial feature fusion
mechanism. The proposed model achieved an average recognition rate of 96.87% for grape
detection. However, both SSD and YOLO models demonstrate suboptimal performance
in object detection within orchard environments characterized by dense fruit distribution,
foliage occlusion, and uneven lighting. This calls for further research and improvements to
enhance the accuracy of these models in achieving effective detection.

In summary, to address the challenges of grape recognition difficulty and extended
detection times caused by dense fruits, occlusion, and overlapping in orchard environments,
this study proposes a YOLOv7-MCSF network for grape target detection. This network
enhances the structure of YOLOv7, achieving efficient recognition of grapes and providing
essential support for the mechanized harvesting of grapes.

The main contributions of this study are as follows:

(1) A lightweight MobileOne network is utilized as the backbone of the model. By
incorporating depthwise convolutions from MobileOne, the model is optimized to
reduce both the number of parameters and the computational complexity, making the
object detection model more suitable for deployment on mobile devices with lower
performance and reduced computational capacity.

(2) A CA attention mechanism is integrated into the neck network, and the parallel
computation structure of the pyramid pooling component in SPPCSPC is optimized
to a serial computation structure. This adjustment enhances the capability of feature
information fusion while improving the speed of image feature integration.

(3) The Focal-EIoU loss function is employed to enhance the accuracy of object local-
ization. The Focal-EIoU addresses the shortcomings of CIoU in dealing with object
overlap situations and maintaining scale invariance, thereby improving the detection of
misclassifications and missed detections in grape detection within orchard environments.

2. Materials and Methods
2.1. Collection of Datasets

The experimental data of this study were collected from a grape plantation in Chengdu,
Sichuan Province, and the shooting period was 9:00–17:00 (sunny day). When acquiring
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images of grape bunches on a sunny day, non-uniform lighting conditions tend to prevail
in the morning and evening, and strong lighting conditions tend to prevail in the middle
of the day. Grape fruit images under non-uniform illumination, due to the influence of
clouds and the shooting device, some grape bunches (or the same bunches of different
regions, the upper light is strong, the lower light is weak) are subjected to strong light
irradiation, and the bunches of images have low local light intensity, which has a strong
influence on grape target detection. An image of grapes under bright light consists of the
whole domain irradiated by a uniformly strong light, but the light may change significantly
at a certain moment.

To simulate the working conditions of the grape-picking machine vision system,
images were taken from multiple angles and at various distances. The distance between
the camera and the grape bunches ranged from 10 cm to 80 cm, with frontal shooting
accounting for about 65% of the images and tilted-angle shooting supplementing it with
approximately 35%. In order to ensure diversity in the test image samples, grape images
were collected under various conditions, including single-target fruit, multi-target fruit,
frontlight shooting, backlight shooting, uneven occlusion, leaf occlusion, and grape cluster
occlusion. A total of 1300 original grape images containing 8265 bunch targets were
obtained and saved in JPG format, with a maximum image resolution of 3024 × 4032 pixels.
Figure 1 shows the images of grape samples acquired under different bunch configurations,
lighting conditions, and shading scenarios.

Figure 1. Grape sample images under different conditions. (a) Single target; (b) Multiple tar-
get; (c) Frontlight; (d) Backlight; (e) Uneven lighting; (f) Blade occlusion; (g) Stem occlusion;
(h) Fruit overlap.

2.2. Production of Datasets

In this study, the grape dataset was manually annotated using LabelImg (version 1.8.6),
an image visualization annotation tool. The minimum bounding rectangle for the grape
string was selected in the annotation frame, and the label was designated as “grape”. Due
to the complex environment of the grape orchard, image augmentation techniques were
applied to enhance the model’s generalization ability and avoid overfitting during training.
These augmentation techniques included adjusting brightness, mirroring, flipping, random
translation, adding Gaussian noise, and applying Gaussian filtering, as shown in Figure 2.
As a result, the augmented dataset became four times larger than the original, yielding
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5200 images. The augmented dataset was then divided in an 8:1:1 ratio, resulting in a
training set of 4160 frames, a validation set of 520 frames, and a test set of 520 frames.

Figure 2. Data enhancement example. (a) Original image; (b) Increase brightness; (c) Reduced
brightness; (d) Mirror image; (e) Vertical flip; (f) Random translation; (g) Gaussian noise; (h) Gaus-
sian filtering.

2.3. Classic YOLOv7 Network Architecture

YOLOv7 [21] is a single-stage object detection network characterized by its rapid
detection speed, high accuracy, and strong generalization capabilities. It demonstrates
excellent flexibility and adjustability while effectively maintaining both efficiency and
accuracy in the model. As shown in Figure 3, The YOLOv7 network structure consists
of four parts: the input layer, the backbone feature extraction network module, the neck
network module, and the output detection layer head network module. The input layer
preprocesses the dataset through data enhancement to increase diversity and enhance the
model’s training. The backbone network mainly includes multiple convolutional layers, an
ELAN module, and an MPConv module. The ELAN module and ELAN-W module, which
include advanced features, are efficient network architectures in YOLOv7 and improve
the model’s target detection capability without increasing computation by adjusting the
network’s depth and adopting special connection methods. The MPConv module pools
feature maps and then merges them with convolutionally processed feature maps, further
optimizing the convolutional layers’ ability to capture target features of different sizes.
The neck network uses a feature pyramid structure to integrate shallow and deep feature
information, enhancing the representation of features within the target area. Notably, the
SPPCSPC module adds multiple parallel max-pooling (5 × 5, 9 × 9, 13 × 13) after the
convolution process to obtain different sensory fields, thus enhancing the fusion ability
of feature information. In the detection head, the operation of reconnection and channel
merging of feature maps is performed through the Rep structure. Additionally, the residual
design, which helps with training, is converted into a simple convolution in the actual
prediction. This not only reduces the amount of network computation but also preserves
the model’s performance.
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Figure 3. YOLOv7 network architecture.

2.4. YOLOv7-MCSF Grape Target Detection Model
2.4.1. Network Structure

In real orchard environments, grape clusters are dense, and the branches and leaves
are lush, resulting in some grape fruits being obscured by leaves and branches, as well
as overlapping with one another. This blockage leads to the concealment of critical char-
acteristic information about the grapes, which hampers the performance of grape target
detection [19]. To address this issue, this study proposes a new YOLOv7-MCSF grape
target detection model, as shown in Figure 4. In the backbone network of YOLOv7, the
ELAN module concatenates four features. However, since each channel contains different
feature information, this direct concatenation can easily cause feature isolation among the
various convolutional extractions, thereby degrading the model’s detection performance in
complex scenes. Therefore, a high-performance lightweight network, MobileOne, has been
integrated into the YOLOv7 model, along with the incorporation of a Coordinate Attention
(CA) module in the neck network. This enhancement allows the model to extract critical
grape features more effectively and reduces the impact of background factors. Addition-
ally, YOLOv7 utilizes the SPPCSPC module that employs multiple parallel max-pooling
operations to obtain different receptive fields, thereby distinguishing images of varying
sizes. However, due to the parallel pooling operations of the SPPCSPC convolutional
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kernels, there is an increased computational burden on the network. Consequently, this
study employs the SPPFCSPC module, replacing the three parallel max-pooling operations
with serial max-pooling to improve the speed of image fusion. Finally, the Focal-EIoU loss
function is utilized to enhance the accuracy of object localization, enabling the model to
make more precise predictions.

Figure 4. YOLOv7-MCSF network structure.

2.4.2. MobileOne Network

In the orchard detection environment, the model needs to be simplified to create a
lightweight backbone network due to limited device performance. The MobileOne [22]
network is a lightweight deep learning model built on the MobileNet architecture and the
RepVGG convolutional neural network, which are both simple, efficient, and plug-and-
play. MobileOne consists of numerous MobileOne Blocks that utilize depthwise separable
convolution and reparameterization techniques to modify the network structure. Figure 5
shows the structure of the MobileOne Block, with the blocks for depthwise convolution and
pointwise convolution used for network training on the left. The depthwise convolution
module convolves each channel independently and merges the convolution results. In
this setup, the leftmost branch is a 1 × 1 convolution, the middle branch is an over-
parameterized 3 × 3 convolution, and the rightmost branch includes a jump connection
containing Batch Normalization (BN) layers. The pointwise convolution consists of two
branches of over-parameterized 1 × 1 convolution and a jump connection that includes BN
layers to achieve the fusion of depthwise convolution results. During the inference stage,
the reparameterization technique from RepVGG is applied to reduce extra computation by
fusing the training results of the depthwise convolution part and the pointwise convolution
part into a 3 × 3 depthwise convolution and a 1 × 1 pointwise convolution, respectively.
This process results in a simplified model with a reduced number of parameters and faster
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inference. Therefore, MobileOne is introduced as the backbone network to simplify the
model and achieve lightweight operation.

Figure 5. MobileOne Block structure.

2.4.3. CA Attention Mechanism

The improved MobileOne network achieves a lightweight model but lacks the ability
for global feature extraction. On this basis, the attention mechanism module has been
embedded into the model to enhance the YOLOv7-MCSF model’s ability to recognize and
utilize grape features. Commonly used lightweight attention mechanism modules include
the Channel Attention Mechanism Module Squeeze-and-Excitation Networks (SE) [23]
and the Convolutional Block Attention Mechanism Module Convolutional Block Attention
Module (CBAM) [24]. However, the SE module only focuses on attention in the direction of
channel features and cannot capture attention in the direction of spatial features. Although
the CBAM module focuses on the image both spatially and channel-wise, it comes with
higher computational complexity. Therefore, this study enhances the model’s detection
capability without significant additional computational cost by incorporating Coordinate
Attention (CA) [25].

The CA attention mechanism is not only flexible and lightweight, but also avoids
generating a large computational overhead, and its structure is shown in Figure 6. CA
first pools the feature maps from the horizontal and vertical spatial directions to generate
fused features in the horizontal and vertical spatial directions to avoid the failure to retain
positional information due to single pooling. The dimensionality of the feature map
is reduced using a convolution kernel and then processed by batch normalization and
activation function, after which the feature map is divided into two feature maps for
horizontal and vertical spatial directions.
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Figure 6. Structure of CA attention mechanism.

Secondly, the attention weights gh and gw of the feature map, corresponding to the
direction of the height h and width w are calculated with the formula:

gh = σ(Fh( f h)), gw = σ(Fw( f w)) (1)

where σ represents the nonlinear activation function, f is the spatial information feature
map, fh and fw denote two independent tensors of the decomposition of f along the spatial
direction, and Fh and Fw denote the feature maps obtained according to f.

Finally, a weighting operation is performed on the original feature map to obtain the
weighted feature map of the CA module, which is given by the following formula:

yc(i, j) = xc(i, j)× gh
c (i)× gw

c (j) (2)

where xc(i, j) is the input on the c channel.

2.4.4. SPPFCSPC Module

YOLOv7 uses the SPPCSPC variant, which is improved by Spatial Pyramid Pooling
(SPP) [26], as its feature fusion module. This module downsamples the feature map by
using four different sizes of pooling kernels: 1, 5, 9, and 13. At the same time, it connects the
bottom- and top-level features using Cross Stage Partial Channel (CSPC), which improves
the generalization ability of the network by fusing the feature maps from four different
sensing fields, achieving multi-scale feature fusion to adapt to detection objects of varying
sizes and resolutions. However, the SPPCSPC module employs different-sized convolu-
tional kernels for parallel pooling operations, which increases the computational effort of
the network. Therefore, the SPP in the SPPCSPC module has been improved by chang-
ing its original parallel computing structure to a serial computing structure, resulting in
the SPPFCSPC module. As shown in Figure 7, the SPPFCSPC performs spatial pyramid
pooling and channel separation through feature maps. Concurrently, the three parallel
spatial pooling convolution kernels in the SPPCSPC structure are replaced by serial spatial
pooling convolution kernels of the same size. This change ensures that the feature maps
passed to the next pooling layer have undergone processing by the previous pooling layer.
Consequently, the ability to fuse different-scale feature information is enhanced and the
speed of image feature fusion improves.
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Figure 7. SPPFCSPC structure diagram.

2.4.5. Focal-EIoU Loss Function

The loss function plays a significant role in target detection, evaluating the discrepancy
between model predictions and true labels, and guiding the optimization of model param-
eters. Choosing an appropriate loss function can effectively improve detection accuracy
while promoting effective feature learning. The YOLOv7 model’s bounding box employs
the Complete Intersection over Union (CIoU) [27] loss function, which considers the dis-
tance between target centroids. This approach better handles targets with unconventional
shapes and remains stable during training. Its calculation formula is as follows:

LossCIoU = 1 − IoU + ρ2(b,bgt)
C2 + αυ

α = υ
(1−IoU)+υ

υ = 4
π2 (arctan wgt

hgt − arctan w
h )

2
(3)

where ρ2(b, bgt) denotes the centroid distance between the two; w, h, and b denote the width,
height, and center point of the boundary of the prediction box, respectively; wgt, hgt, and
bgt denote the width, height, and center point of the boundary of the real bounding box,
respectively; C is the diagonal length of the smallest enclosure of the two frames; α is the
parameter of the equilibrium ratio; and v is used to measure the aspect ratio of the two.
The computational structure of CIoU is shown in Figure 8.

Figure 8. CIoU computational structure.

However, the aspect ratio in the CIoU formula describes a relative value that is
somewhat fuzzy. This fuzziness cannot effectively address the overlapping situations
between targets and maintain the scale invariance of the targets. As a result, the network’s
efficiency decreases, the convergence speed slows, and the regression results become less
precise. In grape target detection, some clusters of grape fruits may be difficult to detect
accurately due to lighting conditions, occlusion, overlap, and other factors. The model
often ignores these challenging samples during detection, which weakens its ability to
recognize such instances and leads to a stronger focus on easier samples. Consequently,
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the model’s training effectiveness may not meet expectations. To address these issues, this
study introduces the Focal and Efficient Intersection over Union (Focal-EIoU) [28] as the
boundary loss function. Focal-EIoU can enhance target location accuracy and increase
focus on low-quality grape bunches, allowing the model to predict results more accurately.
This is calculated using the following formula: LossEIoU = 1 − IoU + ρ2(b,bgt)

C2 + ρ2(w,wgt)

C2
w

+ ρ2(h,hgt)

C2
h

LossFocal−EIoU = IoUγLossEIOU

(4)

where the parameter γ is the hyperparameter used to control the curvature of the curve
and Cw and Ch denote the width and height of the minimum enclosing box, respectively.

2.5. Experimental Environment

The experimental software environment consists of Windows 10 (64-bit), PyTorch
1.11.0, and Python 3.9. The hardware includes a Common KVM processor at 2.49 GHz with
an octa-core architecture, 25 GB of RAM, and an NVIDIA GeForce RTX 4090 graphics card
(NVIDIA, Santa Clara, CA, USA). It is also equipped with a parallel computing framework
using CUDA 11.7 and cuDNN 8.4.1, which is adapted to the graphics card driver for GPU-
accelerated model training. The original YOLOv7.pt pre-trained weights were selected,
and the experimental parameters were set as outlined in Table 1.

Table 1. Experimental parameters.

Parameter Name Set Alue

Image size 640 × 640
Multilinear process 16

Batch size 16
Weight attenuation coefficient 0.0005

Momentum parameter 0.937
Initial learning rate 0.01

Training round 300
Optimizer SGD

2.6. Evaluation Indicators

In this study, Precision (P), Recall (R), mean Average Precision (mAP), model weights,
and Frames per second (FPS) are used as the evaluation metrics of the model [29]. Where
mAP0.5 denotes the mAP when IoU is 0.5.

2.6.1. Precision and Recall

Precision (P) is the proportion of samples that are true targets among those judged
as such by the model. Recall (R) is the proportion of samples that are real targets that are
correctly recognized as targets by the model. When evaluating the model performance, both
metrics, P and R, should be considered, and their mathematical expressions are as follows:

P =
TP

TP + FP
× 100% (5)

R =
TP

TP + FN
× 100% (6)

where TP denotes the samples that were detected as grapes, FP denotes the samples that
were incorrectly detected as grapes in the detection results, and FN denote the number of
samples in which grape targets were detected as not grape targets.
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However, there is a negative correlation between these two indicators; that is, im-
proving accuracy often leads to a reduction in recall rates, and vice versa. Therefore,
average accuracy is usually introduced for comprehensive analysis to assess the detection
performance of the model regarding the target.

2.6.2. Average Precision and Mean Average Precision

The confidence level is used in target recognition to evaluate the probability that the
current rectangular box is an object of some kind and takes a value between 0 and 1. When
the confidence level is 1, it means that there is the greatest likelihood that the object in the
rectangular box is of a certain class, and when the confidence level is 0, it means that there
is the least likelihood. As shown below, by plotting the P-R curve, the area under the curve
is calculated as the AP value.

AP =
∫ 1

0
P(R)dR (7)

mAP =

n
∑

i=1
APi

n
× 100% (8)

where mAP denotes the average value of AP in all categories and n denotes the total number
of categories in which the target is recognized.

3. Results
3.1. Experimental Analysis of Attention Mechanisms

In order to exactly demonstrate the enhancement effect of the added CA attention
module on the YOLOv7-MCSF detection model on the grape dataset, the three kinds of
attention modules, SE, CBAM, and CA, were introduced into the same position of the
YOLOv7-MCSF model, respectively. Then, the comparison experiments were carried out
by comparing the models, and the results of the comparison are shown in Table 2.

Table 2. Comparative results of attention mechanisms.

Attention
Mechanism P/% R/% mAP0.5/% Model

Weight/MB FPS/(f·s−1)

SE 90.7 88.3 95.5 52.0 75.19
CBAM 91.5 89.7 95.8 52.1 76.34

CA 92.8 91.5 96.2 52.1 79.37

By analyzing Table 2, we can conclude that the weight sizes of the models are essen-
tially the same when different attention mechanisms are introduced. Compared to the
introduction of Squeeze-and-Excitation (SE) and Convolutional Block Attention Module
(CBAM), models incorporating the Channel Attention (CA) module show improvements
of 2.1% and 1.3% in precision, 3.2% and 1.8% in recall, and 0.7% and 0.4% in mean average
precision, respectively. Additionally, the detection speed improved by 4.18 frames per
second (f/s) and 3.30 f/s, respectively.

To more intuitively observe the effect of feature extraction by introducing different
attention mechanisms, this study uses Grad-CAM [30], a gradient-based class-activation
thermal map, to carry out visualization operations. The visualization feature maps of
introducing different attention mechanisms are shown in Figure 9. By observing the
visualized feature maps, it was concluded that when the YOLOv7-MCSF model introduced
the SE and CBAM attention mechanisms, the model had a weak extraction ability and a low
response to the grape fruit features, whereas the two parallel feature encoding channels
of the CA attention mechanism could reduce the background influence of the orchard



Agronomy 2025, 15, 42 13 of 21

environment and enhance the model’s attention to the grape target by encoding the channel
relationship and a large range of effective information about the grapes. Therefore, the CA
attention mechanism added in this study has good feasibility for grape target detection.

Figure 9. Characterization of different attention mechanisms. (a) Original figure; (b) SE attention
mechanism; (c) CBAM attention mechanism; (d) CA attention mechanism.

3.2. Loss Function Comparison Experiment

To analyze the performance of different loss functions in grape detection, this experi-
ment employs CIoU, DIoU, EIoU, and Focal-EIoU loss functions for the YOLOv7-MCSF
model, respectively, and conducts a comparative analysis of the results. From the analysis
of Figure 10, it is observed that when using the EIoU loss function, the model converges the
slowest and has the highest loss value after convergence. When the CIoU and DIoU loss
functions are applied, the convergence speed of the models is similar, and the loss values
are lower than those of EIoU. In contrast, when the Focal-EIoU loss function is used, the
model exhibits the fastest gradient descent during training, converging quickly within the
first 30 iteration cycles and achieving the smallest loss value at convergence.

Figure 10. Iterative change loss curves for different loss functions.
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3.3. Ablation Experiments

The ablation experiments were designed to analyze the value of each improvement.
Using the homemade grape dataset and YOLOv7 as the baseline, the experiments were
conducted by gradually introducing and combining different modules under the same
experimental software, hardware, and hyperparameters. The experimental results are
shown in Table 3.

Table 3. Ablation experiments with different modified methods.

Number MobileOne CA SPPFCSPC Focal-EIoU mAP0.5/% Model
Weight/MB FPS/(f·s−1)

1 × × × × 92.7 71.3 57.80
2

√
× × × 93.2 14.6 72.46

3 ×
√

× × 94.1 65.6 58.48
4 × ×

√
× 92.9 68.2 64.94

5 × × ×
√

93.5 71.3 62.11
6

√ √
× × 95.1 32.5 68.96

7 ×
√

×
√

94.5 64.7 63.70
8

√ √ √
× 95.8 52.1 77.52

9
√ √ √ √

96.2 52.1 79.37
Note: “

√
” means that the module has been added; “×” means that the module has not been added.

As can be concluded from Table 3, Experiment 2 uses the MobileOne backbone feature
extraction network with a 0.5% reduction in model mAP0.5, a 56.7 MB reduction in model
weights, a 79.5% reduction in volume, and a 14.66 f/s increase in detection speed. The
introduction of the MobileOne network resulted in a slight decrease in accuracy but im-
proved FPS. Notably, this change significantly reduced the weights and computational load
of the model. Experiments 3, 4, and 5 added the CA attention mechanism, SPPFCSPC, and
Focal-EIoU to the YOLOv7 model, respectively; the mAP0.5 of the model was improved by
1.4%, 0.2%, and 0.8%, respectively; the model weights were reduced by 5.7 MB and 3.1 MB,
respectively; and the detection speeds were improved by 0.68 f/s, 7.14 f/s, and 4.31 f/s.
Experiment 6 uses the MobileOne backbone network and also introduces the CA attention
mechanism, which improves the model mAP0.5 by 2.4%, reduces the model weight by
31.2 MB by 43.8%, and improves the detection speed by 11.16 f/s. Experiment 7 introduces
CA and Focal-EIoU, which improves the mAP0.5 by 1.8%, reduces the model weight by
6.6 MB, and improves the detection speed by 5.9 f/s. Experiment 8 improves the MobileOne
network, CA attention mechanism, and SPPFCSPC module by improving its mAP0.5 by
3.1%, model weight by 19.2 MB, and detection speed by 19.72 f/s. Experiment 9 shows
the proposed YOLOv7-MCSF model, which achieves an mAP0.5 of 96.2%, a model weight
of 52.1 MB, and a detection speed of 79.37 f/s. The experimental results obtained from
the analysis conclusively demonstrate that the proposed network enhancement strategy
effectively enhances the model performance.

3.4. Comparison Experiments Before and After YOLOv7 Improvement

In order to verify the effectiveness of the YOLOv7-MCSF model, we tested both the
original YOLOv7 model and the YOLOv7-MCSF model under the same parameters and
experimental conditions. The comparison of the performance metrics of the recognition
before and after the improvement is shown in Table 4.
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Table 4. Grape identification results for the pre- and post-improved YOLOv7 models.

Model P/% R/% mAP0.5/% Model Weight/MB FPS/(f·s−1)

YOLOv7 90.4 89.7 92.7 71.3 57.80
YOLOv7-MCSF 92.8 91.5 96.2 52.1 79.37

Table 4 shows that the YOLOv7-MCSF model improves by 2.4%, 1.8%, and 3.5% in
precision, recall, and mAP0.5, respectively, compared to the YOLOv7 model. The YOLOv7-
MCSF model recognizes grape targets more accurately and provides more reliable technical
support for grape detection in orchard environments. Meanwhile, the YOLOv7-MCSF
network model uses the MobileOne backbone network structure, and the model weight is
reduced from 71.3 MB to 52.1 MB, which is a 26.9% reduction, and the detection speed is
increased from 57.80 f/s to 79.37 f/s, which is a 21.57 f/s improvement.

After analyzing the experimental data, to further observe the comprehensive recog-
nition effect of the original YOLOv7 model and the YOLOv7-MCSF model on grapes in
complex environments in the orchard, some samples of the typical test set were selected
for the comparison experiments in this experiment. As shown in Table 5, both models
accurately recognize single-target and multi-target grapes when they are detected, but the
YOLOv7-MCSF model performs even better with higher detection confidence. When the
grapes were detected in downlight, backlight, uneven light, blade occlusion, and stem
occlusion, the YOLOv7 model showed leakage, while the YOLOv7-MCSF model had less
leakage and was more capable of detecting the grapes. In summary, YOLOv7-MCSF has
higher recognition accuracy for grape bunches, as well as improved detection ability under
light and occlusion conditions.

Table 5. Recognition effect of the model before and after improvement.

Original Image YOLOv7 YOLOv7-MCSF

Single target

Multiple target
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Table 5. Cont.

Original Image YOLOv7 YOLOv7-MCSF

Frontlight

Backlight

Uneven light

Blade occlusion

Stem occlusion

Note: The white circle box is the grape cluster that the original YOLOv7 model missed in detection.

3.5. Comparative Experiments with Different Models

To comprehensively evaluate the effectiveness of the YOLOv7-MCSF model in rec-
ognizing grape clusters, this study selects several classical models for comparative exper-
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iments, including Faster R-CNN, SSD, YOLOv3 [31], YOLOv5 [32], YOLOv6 [33], and
YOLOv8 [34], as well as some improved algorithms from other literature, such as YOLO-
Grape [5], ESP-YOLO [35], and GDN [36]. The experimental results are presented in Table 6
and Figure 11.

Table 6. Comparison of different model detection.

Model P/% R/% mAP0.5/% Model Weight/MB FPS/(f·s−1)

Faster R-CNN 75.2 73.6 79.4 108.0 28.65
SSD 85.1 83.5 87.8 90.6 72.99

YOLOv3 88.2 87.4 90.6 235.0 87.72
YOLOv5 89.7 88.6 91.5 88.5 69.93
YOLOv6 88.6 87.1 91.8 62.6 71.36
YOLOv8 90.1 88.5 93.7 43.7 91.42

YOLO-Grape 92.2 88.8 90.5 30.0 81.03
ESP-YOLO 92.7 82.3 89.4 11.2 11.11

GDN 91.8 88.5 93.7 24.9 0.96
YOLOv7-MCSF 92.8 91.5 96.2 52.1 79.37

Figure 11. Comparison of accuracy of different models.

According to the experiments comparing different models presented in Table 6 and
Figure 11, the YOLOv7-MCSF model demonstrates an accuracy rate of 92.8%. This is an
improvement of 17.6%, 7.7%, 4.6%, 3.1%, 4.2%, 2.7%, 0.1%, 0.6%, and 1% over the Faster
R-CNN, SSD, YOLOv3, YOLOv5, YOLOv6, YOLOv8, ESP-YOLO, YOLO-Grape, and GDN
models, respectively. Additionally, the recall of the YOLOv7-MCSF model is 91.5%, which
exceeds the other eight models by 17.9%, 8%, 4.1%, 2.9%, 4.4%, 3%, 2.7%, 9.2%, and 3%,
respectively. The model also achieves a mean Average Precision at IoU 0.5 (mAP0.5) of
96.2%, outperforming the previous models by 16.8%, 8.4%, 5.6%, 4.7%, 4.4%, 2.5%, 5.7%,
6.8%, and 2.5%. Regarding model size, the YOLOv7-MCSF model weighs 52.1 MB, which is
a reduction of 55.9 MB and 38.5 MB compared to five classical models, respectively, such as
Faster R-CNN and SSD. The detection speed of YOLOv7-MCSF is 79.37 frames per second
(f/s), which is lower than YOLOv3, YOLOv8, and YOLO-Grape by 8.35 f/s, 12.05 f/s, and
1.66 f/s, respectively. However, it surpasses the detection speeds of Faster R-CNN, SSD,
YOLOv5, YOLOv6, ESP-YOLO, and GDN models by 50.72 f/s, 6.38 f/s, 9.44 f/s, 8.01 f/s,
68.26 f/s, and 78.41 f/s, respectively.

In summary, the YOLOv7-MCSF model shows superiority in several indexes, has
good comprehensive performance, has better real-time performance on mobile terminals,
and is suitable for the detection of grape berries under actual orchards.
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3.6. Comparison of Different Occlusion Types Detection

In order to evaluate the effectiveness of the model in detecting grape targets under
different occlusion conditions, this experiment comprehensively considered a variety of
specific occlusion situations that the robot may encounter during the picking process.
Three types of occlusion were selected: stem occlusion, blade occlusion, and fruit overlap.
The YOLOv7-MCSF model was used to test its detection performance under these three
different occlusion categories. The experimental results are shown in Table 7.

Table 7. Detection results of different shading types.

Model Type P/% R/% mAP0.5/% FPS/(f·s−1)

YOLOv7-
MCSF

Stem occlusion 92.5 91.1 95.9 78.26
Blade occlusion 91.2 90.5 94.3 77.58

Fruit overlap 91.4 91.0 95.1 77.83

As shown in Table 7, the accuracy, recall, and mAP were 92.5%, 91.1%, and 95.9%
under the stem occlusion condition; 91.2%, 90.5%, and 94.3% under the blade occlusion
condition; and 91.4%, 91.0%, and 95.1% under the fruit overlap condition. The FPS for
the three occlusion cases were 78.26 f/s, 77.58 f/s, and 77.83 f/s, respectively. Figure 12
demonstrates the grape target detection images under different occlusion conditions. As
seen in Figure 12, the YOLOv7-MCSF network model is still able to accurately detect the
grape fruits under branch and leaf occlusions as well as fruit overlaps, demonstrating
strong robustness.

Figure 12. Schematic diagram of different occlusion types detection. (a,b) Stem occlusion; (c,d) Blade
occlusion; (e,f) Fruit overlap.

4. Discussion
In the real orchard environment, the grape berries are obscured by leaves and branches,

as well as the presence of mutual overlapping, which leads to the obscuring of the key
feature information of the grapes and affects the effectiveness of target detection. Traditional
digital image processing methods perform poorly under the influence of factors such as
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light changes and branch and leaf occlusion. Deep learning algorithms are more efficient at
detecting multi-class objects, but they face issues with larger model weights and slower
detection speeds.

To address these challenges, this paper proposes a grapevine target detection method,
YOLOv7-MCSF, which improves upon YOLOv7. The method significantly enhances the
original YOLOv7 model by introducing the MobileOne, CA, and SPPFCSPC modules,
as well as the Focal-EIoU loss function for better model performance. The experimental
results indicate that the weight of the YOLOv7-MCSF model is reduced by 26.9%, and the
frame rate has improved by 21.57 frames per second compared to the original YOLOv7
model. Simultaneously, its precision, recall, and mAP are improved by 2.4%, 1.8%, and
3.5%, respectively. These enhancements enable YOLOv7-MCSF to perform better in grape
target detection within complex orchard environments.

It should be pointed out that the accuracy and efficiency of this method in recognizing
grapes under different light, branch and leaf shading, etc. have been improved, but there
are still a small number of missed detections. Based on this, subsequent plans will be made
to upgrade the experimental environment to collect more raw data and enrich the dataset,
as well as to investigate the combination of multi-task learning, edge computing, and the
model to further enhance the applicability and reliability of the model.

5. Conclusions
In this study, a grape target detection method, YOLOV7-MCSF, based on YOLOv7, was

proposed, which can effectively cope with complex conditions such as different lighting
and branch and leaf occlusion in orchard environments and achieve accurate identification
of grape fruits. In YOLOv7, the lightweight MobileOne backbone network is used to reduce
the number of model parameters, and through experimental analysis, the CA attention
mechanism, which has the most significant effect on model performance enhancement
among SE, CBAM, and CA, is introduced to strengthen the ability to capture information
about the key areas of grapes, and at the same time, the parallel computation structure of
the pyramid pooling part of SPPCSPC is optimized and improved to a serial computation
structure to enhance the fusion ability of feature information, and finally the Focal-EIoU
loss function is used to improve the target location accuracy and improve the misdetection
and omission problem of grape recognition in the orchard environment. Each improvement
module improved the mAP0.5 of the YOLOv7-MCSF model by 0.5%, 1.4%, 0.2%, and 0.8%,
respectively. The YOLOv7-MCSF model improves the precision, recall, and mAP0.5 of the
model by 2.4%, 1.8%, and 3.5%, respectively, and the detection speed by 21.57 f/s compared
with the original YOLOv7 by conducting experiments on the grape dataset. Compared with
Faster R-CNN, SSD, YOLOv3, YOLOv5, YOLOv6, YOLOv8, YOLO-Grape, ESP-YOLO,
and GDN models, its mAP0.5 was improved by 16.8%, 8.4%, 5.6%, 4.7%, 4.4%, 2.5%, 5.7%,
6.8%, and 2.5%, and was able to provide effective support for grapevine berry detection in
orchard environments.
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